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ABSTRACT: The work aims to automatically detect the defects on the medicinal glass bottles accurately and quickly.
Based on the YOLOvV3 algorithm, a learning detection model of deep convolutional neural network was built. The mul-
ti-scale feature information of glass bottles was extracted by connecting and normalizing the shallow and deep feature
vectors of the neural network structure. To improve the accuracy of the model for the prediction of the bounding box,
K-means clustering method was used to obtain the initial size of the anchor box. The multi-scale training strategy was
used to enhance the robustness of the model to images of different sizes. The experimental results showed that, the pro-
posed defect detection method of medical glass bottles could accurately detect and identify such defects as damaged tube
end, gas lines, bubbles, scratches, stains and calculi on glass bottles. Compared with the mainstream target detection
methods, the processing speed and accuracy of the proposed method were improved. The accuracy of defect target detec-
tion reached 96.23%, the recall rate was 93.82%, and the average accuracy was 89.35%. The proposed method has been
successfully applied to several large medical glass packaging production companies in China, which has significantly im-

proved the quality and qualified rate of medical glass packaging products and reduced the labor costs.

: 2019-09-04
+ AT B AR (2019034288 )
HEH (1981—), %, SIFAR, T2HAFT @A BLLIE ., WERL,



=242 -

2020 4

KEY WORDS: medical glass bottles; defect detection; YOLOv3; convolutional neural network; multi-scale features

CNNs

YOLOv1

Convolutional Neural Networks,

CNN
[1—2] [3—73]

[6—7] [8—9]

CNN
Region Proposal
R-CNNU!Y

Fast R-CNN[''l  Faster R-CNN  [12]

Faster R-CNN

[13]

YOLOv1 Tx7
2016 Liu 04
SSD SSD
YOLOv1
Redmon 3] YOLOv1

Darknet-

19 YOLOvV2 YOLOv2
YOLOv1 2018 Redmon
[1e] YOLOv2
YOLOvV3 YOLOv3
YOLOv3
2 YOLOvV3
2.1
YOLOvV3
YOLOvV3-bottle
Leaky ReLu
YOLOvV3
1
1 2 S2
2
1 2 4 8
2
2.2
YOLOvV3
FPN
[16] SxS§
3
3 3
3
CNN
4 X, )
w h ty, ty, tw, th  Cx,

cy

Pws Ph



- 243 -

41 7 YOLOV3
| WA
v
B 32x3x3+
B 64x3x3 S2
(#HEA/N: 208,208,64)
v
R 1x64 . B
(dHEFR/IN: 208,208,64) REEL: R/ B
1 7 128x3x3 S2
(HA/: 208,208,64) i B 255%1x1
3X(128X1X]+256X3X3) > (?thj(/J\: > ﬁiﬂﬂgﬁ%
FREBL 2x128 (R 52,52,256) 52,52,255)
(K /N:104,104,128) 7y
* | ARG
N: 52,52,
(@R ) = 1 128x1x1
FREH 8x256 > (@R 52,52,384) [ ’
(#HER/N: 52,52,256) @FHER/)N: 52,52,128)
8 £PL512x3x3 S2
RN 26,26,512) e pre=prr
TREBrE L [3%(256x1x1+512x3x3) > (it
FREBR k 8x512 > | Gt RN 26,26,768) (#HER):26,26,512) 26,26,255)
#HK/: 26,26,512) T
8 BT 1024x3%3 S2
#HA/D: 13,13,1024) FAR 128x1x1+ ERAF LvalllESES
! (AN 26,26,256) JRUBE2: Rl 5 K/ F bR
B2 4x1024 )
RN 13,13,1024) EF 255x1x1
] axsiax s 1043343 S dion sy > MR |
(#HEAN: 13,13,1024) REE3: Kl K AR

1 YOLOV3

Fig.1 Defect detection model of medical glass bottles based on YOLOv3
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1
Tab.1 Test results of defect detection model performance of medical glass bottles
P/% R/% F1/% Av/% Riou/% /(sThH

Faster R-CNN 92.28 85.34 88.67 80.08 69.43 13
SSD 93.56 80.69 86.65 85.24 67.65 22
YOLOv3 93.47 78.62 85.40 78.94 68.74 50.4
YOLOvV3-tiny 90.21 82.65 86.26 78.86 66.87 212
YOLOv3-bottle 96.23 93.82 95.00 89.35 71.45 75

5
Fig.5 Defect detection and recognition effect of medical glass bottles
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